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Abstract 

Deep neural network (DNN) has become a popular means for 
separating target speech from noisy speech due to its good 
performance for learning a mapping relationship between the 
training target and noisy speech. For the DNN-based methods, 
the time-frequency (T-F) mask commonly used as the training 
target has a significant impact on the performance of speech 
restoration. However, the T-F mask generally modifies 
magnitude spectrum of noisy speech and leaves phase 
spectrum unchanged in enhancing process. The recent studies 
have revealed that incorporating phase spectrum information 
into the T-F mask can effectively improve perceptual quality 
of the enhanced speech. So, in this paper, we present two T-F 
masks to simultaneously enhance magnitude and phase of 
speech spectrum based on non-correlation assumption of real 
part and imaginary part about speech spectrum, and use them 
as the training target of the DNN model. Experimental results 
show that, in comparison with the reference methods, the 
proposed method can obtain an effective improvement in 
speech quality for different signal to noise ratio (SNR) 
conditions. 

Index Terms: Phase restoration, DNN, time-frequency mask, 
Speech enhancement 

1. Introduction 

Speech enhancement is very useful due to its wide range of 
applications such as mobile phone/communication disturbed 
by background noise, hearing aids and noise-robust speech 
recognition. Speech enhancement aims at suppressing 
background noise while improving quality and intelligibility 
of the enhanced speech.  

In the last several decades, some effective methods have 
been proposed, e.g. spectral-subtractive algorithm [1], Wiener 
filtering [2] and statistical-model-based method [3]. These 
methods could achieve a good performance for stationary 
noise. When the non-stationary noise is concerned, their 
performance degrades quickly [4]. In order to improve the 
ability to deal with non-stationary noise, some supervised 
methods considering pre-training information of speech and 
noise have emerged and worked well in various noise 
conditions [4, 5]. For example, the method based on hidden 
Markov model (HMM) model [5, 6], the method based on 
auto-regressive (AR) model [4, 7, 8], the method based on 
Gaussian mixture model (GMM) [9-12], the method based on 
support vector machine (SVM) [13] and the DNN-based 
method [14-24]. Specially, the supervised DNN-based speech 
separation/enhancement methods have achieved a great 
success, because the strong learning capacity of the DNN can 
effectively model nonlinear interaction between the training 

target and the acoustic features of noisy speech. For the DNN-
based methods, the learning target plays a very important role 
on the performance of speech restoration and the T-F mask is 
commonly used for the learning target. Currently, the mask is 
mainly focused on restoring magnitude spectrum of clean 
speech and the recovering of phase spectrum of clean speech 
is considered rarely. The studies in [25, 26] have shown that 
the perceptual quality of the enhanced speech can be further 
improved by restoring phase spectrum. Based on this 
investigation, a so-called complex ideal ratio mask (cIRM) [22, 
23] was proposed. The cIRM is divided into real part and 
imaginary part. Two real values corresponding to real part and 
imaginary part are fed into the DNN as the training target 
simultaneously. Since the imaginary part is considered in the 
cIRM, the mask can simultaneously restore magnitude and 
phase spectra. 

In this paper, we exploit cosh distance measure [27] to 
generate a new T-F mask with phase restoration for speech 
enhancement. Different from the cIRM, the proposed mask is 
a real-valued mask consisting of two sub-masks. For two sub-
masks, one only acts on real part of noisy speech, which is 
used to restore real part of clean speech spectrum, and the 
other one only acts on imaginary part of noisy speech for 
restoring imaginary part of clean speech spectrum. Thus, once 
these two sub-masks are obtained, the real and imaginary parts 
of clean speech spectrum can be estimated so that the 
magnitude and phase spectra of noisy speech are enhanced 
simultaneously.  

The rest of this paper is organized as follows. In Section 2, 
the structure of complex speech spectrum is described. In 
Section 3, the details of the proposed method are discussed. 
Experimental results are provided in Section 4, and the 
conclusions are given in section 5. 

2. The structure of complex speech 
spectrum 

When speech signal is transformed into frequency domain 
by the short-time Fourier transform (STFT), each T-F unit 
X(m,k) of the complex spectrum can be expressed as follows, 

 ( , ) ( , ) exp ( , )

             = ( , )+ ( , )r i

X m k X m k j m k

X m k j X m k

  


           (1) 

where Xr(m,k) and Xi(m,k) are real part and imaginary part of 
speech spectrum at the kth frequency bin for the mth frame. 
Thus, the magnitude spectrum and phase spectrum can be 
represented respectively as follows, 

2 2( , ) = ( , ) + ( , )r iX m k X m k X m k            (2) 
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where arctan(.) is the arctangent function. 

 
Figure 1: An example of clean magnitude spectrogram (a), 
phase spectrogram (b), real spectrogram (c) and imaginary 

spectrogram (d). 

Fig. 1 gives an example of magnitude spectrogram (top-
left), phase spectrogram (top-right), real spectrogram (buttom-
left) and imaginary spectrogram (buttom-right) of clean 
speech signal. From Fig. 1, we can see that the magnitude 
spectrum, real spectrum and imaginary spectrum all exhibit 
fine structure and envelope, while the phase spectrum looks 
like a random spectrum. In order to simultaneously restore the 
magnitude and phase of speech spectrum, using DNN model 
to predict magnitude and phase is the most direct way. 
However, according to the study in [23], the phase of clean 
speech is hard to be successfully predicted by using DNN 
model due to the lack of specific structure of spectrum. Due to 
the similar structure of real and imaginary spectra to the 
speech magnitude spectrum, naturally, the cIRM was proposed 
to simultaneously obtain magnitude and phase of speech 
spectrum [23]. Since the compression of no boundary is 
possibly detrimental to the DNN model based on gradient 
descent [18], the cIRM is hard to achieve optimal performance 
for the unbounded values of real and imaginary components. 

3. The proposed approach 

In this paper, our goal is to derive a bounded mask applied to 
the STFT spectrum of noisy speech for producing real and 
imaginary spectra of clean speech. In other words, given the 
complex spectrum of noisy speech, Y(m,k), we get complex 

spectrum estimation of clean speech, X
˄

(m,k), as follows,  

ˆ ( , ) ( , ) ( , )

             ( , ) ( , ) ( , ) ( , )r i

X m k H m k Y m k

H m k Y m k j H m k Y m k

 
    

  (4) 

where H(m,k) is the proposed T-F mask. Yr(m,k) and Yi(m,k) 
are real and imaginary parts of noisy speech spectrum, 
respectively. In the proposed method, the mask H(m,k) is 
divided two uncorrelated real-valued sub-masks, H1(m,k) and 
H2(m,k), i.e., 

1 2( , ) ( , ) ( , )H m k H m k H m k                        (5) 

For the H1(m,k) and H2(m,k), we assume that there is a 
correlation between the H1(m,k) and the real part of noisy 
speech spectrum, and the H1(m,k) does not affect imaginary 
part of noisy speech spectrum. Moreover, the H2(m,k) is only 
assumed to have an influence on imaginary part of noisy 
speech spectrum. Note that, different from the cIRM, the 
H(m,k), H1(m,k) and H2(m,k) are all the real-valued masks. 
Obviously, when the estimation of the H(m,k) is given, the 

spectral estimation of clean speech, X
˄

(m,k), can be obtained as 
follows,  

 
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(6) 

The study in [2] has pointed out that the Log-MMSE 
(logarithmic minimum mean square error) measure is more 
suitable for speech processing. However, the Log-MMSE 
measure is hard to be used to compare complex spectrum. 
Fortunately, the author in [27] has given a fact that the 
performance of the cosh measure is similar to that of the Log-
MMSE measure. Thus, in this paper, the cosh measure [27] is 
used as the cost function to obtain the H(m,k). For the sake of 
convenience, the index symbols m and k are omitted later. 
Here, the real and imaginary parts of clean speech spectrum 
are assumed to be uncorrelated, and the real and imaginary 
parts of noisy speech spectrum are assumed to be uncorrelated. 
Moreover, speech and noise are also assumed to be 
uncorrelated.The cosh measure [27] about H1 and H2 is given 
by  
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J(H1, H2) is the cost function with respect to two sub-masks, 
H1 and H2. Since the partial derivatives of cost function with 
respect to the H1 and H2 are set to zero, we have 

2

1 2 2
= r

r r

X
H

X N
                              

(8) 

and 

2

2 2 2
= i

i i

X
H

X N
                              

(9) 

where Nr and Ni are real and imaginary parts of noise spectrum, 
respectively. 

Fig.2 gives a comparison about the spectra of the real part 
(top-left) and imaginary part (top-right) of clean speech, and 
the real part (bottom-left) and imaginary part (bottom-right) of 
noisy speech. Herein, noisy speech is generated from babble 
noise under 0 dB input SNR. Moreover, a comparison about 
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the spectra of ideal H1, ideal H2, the enhanced speech obtained 
by ideal H1 and ideal H2 are shown in Fig.3. From Fig.2 and 
Fig.3, we can see that using proposed two sub-masks, H1 and 
H2, can effectively remove background noise and restore real 
part and imaginary part of clean speech spectrum under ideal 
condition. 

 
Figure 2: The spectrogram comparison of clean real part (a), 

clean imaginary part (b), noisy real part (c) and noisy 
imaginary part (d). 

 
Figure 3: The spectrogram comparison of mask H1 (a), mask 

H2 (b), enhanced speech obtained by H1 (c) and H2 (d). 

Fig. 4 depicts the DNN model that is used to estimate the 
H1 and H2. It is similar to the DNN structure used in [22, 23]. 
The DNN has three hidden layers and each layer has 1024 
nodes with the rectified linear (ReLU) activation function. The 
backpropagation algorithm with dropout regularization 
(dropout rate 0.2) and the adaptive gradient descent with a 
momentum term are used to train the DNN. The momentum 
rate is 0.5 for the first 5 epochs and 0.9 for the rest epochs. 
The output layer is separated into two sub-layers, which 
corresponds to the H1 and H2 of the H, respectively. When the 
proposed mask is used as the learning target, the sigmoid 
activation function can be used at output layer due to the 
learning target is in the range of [0, 1]. 

 
Figure 4: The basic DNN training diagram. 

4. Experimental results 

In the experiment, three different types of background noise 
are chosen from NOISEX-92 database including babble noise, 
f16 noise and factory noise for training. In addition, volvo 
noise from NOISEX-92 database and street noise from ITU-T 
database are used as the unseen noise for mismatch evaluation. 
Two hours of utterances are selected from TIMIT training set 
for the training. In the test, 200 utterances are chosen from the 
TIMIT test set. The noisy speech is obtained by adding above-
mentioned five types of noise to speech signal at four input 
SNR levels (i.e., -5dB, 0dB, 5dB and 10dB). The speech and 
noise are down-sampled to 8 kHz. The frame length is 256 
samples and the frame shift is 128 samples. In this work, the 
DNN-based method given in [21] is selected as the first 
reference method (named Ref.1). The cIRM incorporating 
phase information [22] is considered as the second reference 
method (named Ref.2). The proposed masking estimation 
method is termed as the Pro. In training stage, the DNN model 
of all methods is composed of three hidden layers, each layer 
has 1024 hidden units and the log-power spectrum of noisy 
speech is used as input feature of the DNN model. The mean 
squared error is used as the cost function for the DNN training. 
The number of output units correspond to the dimensionality 
of the training target. In the output layer, the sigmoid 
activation function is selected in the Ref.1 and proposed 
method, while linear activation function is selected in the 
Ref.2. The quality measurements used in this paper include 
perceptual evaluation of speech quality (PESQ) [28] and 
short-time objective intelligibility (STOI) [29]. 

Table 1 shows the PESQ results for five types of noise at 
different input SNR levels. It is clear that the PESQ of the 
Ref.1 without speech phase information is relatively lower 
than the Ref.2 and proposed method in all input SNR 
conditions. This implies that the masking methods including 
phase information can recover more spectral information of 
speech to result in quality improvement. For the Ref.2, the real 
and imaginary parts of noisy speech spectrum are compressed 

Input noisy speech 
features 

Output 

Hidden 
Layers 

 H1 training  H2 training

Obtain H 
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during the DNN training, this compressed cIRM may be 
detrimental to the supervised approaches based on the gradient 
descent [18] so that the ability of improving PESQ of the 
Ref.2 is weaker than the proposed method.  

Table
 
1: Test Results of the PESQ. 

noise 
type 

input 
SNR 

Methods 

Noisy Ref.1 Ref.2 Pro 

Babble 

-5dB 1.719 1.885 1.896 1.971 

0dB 1.913 2.241 2.249 2.259 

5dB 2.220 2.608 2.640 2.649 

10dB 2.518 2.916 2.948 2.981 

F16 

-5dB 1.595 1.994 2.011 2.131 

0dB 1.832 2.340 2.418 2.485 

5dB 2.136 2.612 2.664 2.789 

10dB 2.444 2.905 2.971 3.073 

Factory 

-5dB 1.761 2.225 2.292 2.332 

0dB 2.073 2.608 2.645 2.675 

5dB 2.391 2.925 2.977 3.004 

10dB 2.705 3.182 3.214 3.280 

Street 

-5dB 1.990 2.369 2.384 2.461 

0dB 2.320 2.773 2.799 2.863 

5dB 2.649 3.114 3.169 3.198 

10dB 2.973 3.367 3.433 3.476 

Volvo 

-5dB 2.818 3.215 3.229 3.283 

0dB 3.121 3.436 3.472 3.512 

5dB 3.446 3.598 3.661 3.682 

10dB 3.759 3.686 3.707 3.799 

 
Fig. 5 shows the average PESQ results of the proposed 

method and reference methods at different input SNR levels. It 
is clear that the PESQ of the Ref.1 without speech phase 
information is relatively lower than the Ref.2 and proposed 
method in all input SNR conditions. This implies that the 
masking methods including phase information can recover 
more spectral information of speech to result in quality 
improvement. For the Ref.2, the real and imaginary parts of 
noisy speech spectrum are compressed during the DNN 
training, this compressed cIRM may be detrimental to the 
supervised approaches based on the gradient descent [18] so 
that the ability of improving PESQ of the Ref.2 is weaker than 
the proposed method. 

 

Figure 5: The average PESQ of difference noises. 

Table 2: Test Results of the STOI (%). 

Noise 
type 

input 
SNR 

Methods 

Noisy Ref.1 Ref.2 Pro 

Babble 

-5dB 48.02 53.51 53.44 53.69 

0dB 60.40 67.90 68.09 68.68 

5dB 72.24 78.30 79.22 79.51 

10dB 81.92 84.87 85.92 86.47 

F16 

-5dB 49.46 62.59 63.55 65.89 

0dB 62.32 73.35 75.71 77.33 

5dB 74.55 81.10 83.76 84.79 

10dB 84.26 86.79 88.66 89.60 

Factory 

-5dB 59.54 70.09 70.06 71.14 

0dB 70.77 79.21 80.21 80.75 

5dB 80.15 85.20 86.45 86.91 

10dB 87.26 89.15 90.73 90.87 

Street 

-5dB 69.59 76.06 75.99 78.13 

0dB 77.79 82.97 83.23 84.94 

5dB 84.05 87.45 88.35 89.19 

10dB 88.79 90.34 91.21 91.90 

Volvo 

-5dB 84.81 87.35 87.36 88.94 

0dB 88.45 89.95 91.16 91.40 

5dB 91.55 91.72 92.71 93.15 

10dB 93.05 92.85 94.01 94.32 

Average 

-5dB 62.28 69.92 70.08 71.55 

0dB 71.94 78.67 79.68 80.62 

5dB 80.50 84.75 86.09 86.71 

10dB 87.25 88.80 90.10 90.63 

Table 2 gives the STOI results of different methods at 
different input SNRs. The Ref.1, Ref.2 and proposed method 
can effectively improve speech intelligibility compared with 
noisy speech in most cases. The masking methods considering 
speech phase, e.g., the Ref.2 and proposed method, are 
superior to the Ref.1. This proved that incorporating phase 
information into mask is helpful to increase intelligibility. As 
a comparison, the proposed system gives a higher STOI value 
than the Ref.2. 

5. Conclusions 

In this paper, a T-F masking method was presented by 
considering both magnitude and phase spectrum information 
for single-channel speech enhancement. Different from the 
existing mask with phase information, the proposed method 
divides the conventional real-valued mask into two 
uncorrelated real-valued sub-masks. One of them is only 
assumed to be related to real part of noisy speech spectrum, 
which is used to restore real part of clean speech spectrum, 
and the other one is only assumed to be related to imaginary 
part of noisy speech spectrum for restoring imaginary part of 
clean speech spectrum. Since the real and imaginary parts of 
clean speech spectrum are all estimated, the magnitude and 
phase information can be restored simultaneously. The quality 
and intelligibility tests showed that the proposed method 
outperformed reference methods. 
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